This article investigates charging strategies for plug-in hybrid electric vehicles (PHEV) as part of the energy system. The objective was to increase the combined all-electric mileage (total distance driven using only the traction batteries in each PHEV) when the total charging power at each workplace is subject to severe limitations imposed by the energy system. In order to allocate this power optimally, different input variables, such as state-of-charge, battery size, travel distance, and parking time, were considered. The required vehicle mobility was generated using a novel agent-based model that describes the spatiotemporal movement of individual PHEVs. The results show that, in the case of Helsinki (Finland), smart control strategies could lead to an increase of over 5% in the all-electric mileage compared to a no-control strategy. With a high prediction error, or with a particularly small or large battery, the benefits of smart charging fade off. Smart PHEV charging strategies, when applied to the optimal allocation of limited charging power between the cars of a vehicle fleet, seem counterintuitively to provide only a modest increase in the all-electric mileage. A simple charging strategy based on allocating power to PHEVs equally could thus perform sufficiently well. This finding may be important for the future planning of smart grids as limiting the charging power of larger PHEV fleets will sometimes be necessary as a result of grid restrictions.
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Introduction
The transport sector is responsible for 25% of global CO 2 emissions, a figure driven upwards by the increasing mobility demand of emerging economies. Three-quarters of these emissions are attributable to cars and trucks [1] . As half of all oil is consumed by the transport sector, the price of oil and the adequacy of its supply raise major concerns as well [2] . Energy security and climate change mitigation are compelling drivers to develop alternatives, such as electric mobility [3] - [5] , to conventional transportation. However, the impact of the alternative technologies has remained minor because of the high associated costs. Policy measures, such as fuel taxes and vehicle investment subsidies, may be necessary to make these technologies an economic alternative for the consumer [6] , [7] .
Assuming that appropriate policies are introduced, electric vehicles (EVs) are likely to become more prevalent. This presents both challenges and opportunities for the operation of the power grid.
Specifically, with a high EV penetration the grid may become overloaded if their charging is left uncontrolled [5] , [8] , [9] . On the other hand, EVs can provide demand-side management options for power profile leveling [10] or to minimize power losses in general [11] . Several authors have suggested vehicle-to-grid (V2G) strategies to balance variable renewable generation [8] , [9] , [12] , particularly wind power [8] , [13] , [14] , but these strategies may need to be viewed critically in terms of increased battery degradation [15] - [17] . In addition to consumption and production leveling, EVs are also capable of providing other ancillary services, such as frequency regulation [18] . Smart EV control strategies may not only improve their technical quality as part of the grid, but also yield considerable economic benefits [19] . For example, the electricity price can be used for the control of EV battery charging in order to benefit from the inexpensive electricity that is available [20] .
Therefore, charging control (and discharging in the case of V2G) is a crucial theme for both the utility of EV mobility and its smooth integration into the electricity system. This control may influence several qualities, such as the operational range of EVs, the power levels involved [21] , [22] , the running energy costs of the EV, and the trade-offs between battery capacity and power management [23] - [25] .
Studies on EV charging control can be roughly divided into two categories: energy allocation and power allocation. In energy allocation studies, the timing of charging is examined and optimized for one time period, usually one day. The relevant question is: where and how should the EV load be placed in time to obtain the most favorable combined load profile, e.g., one that minimizes total energy generation costs? Studies on optimal energy allocation are abundantly available; for recent publications, see e.g., [26] - [28] . Power allocation studies, on the other hand, investigate the charging separately at each time point. The question here is how the available power should be allocated to the connected vehicles to obtain the best result, e.g., the highest average state-of-charge (SOC). The difference between energy and power allocation could also be interpreted as follows: the energy allocation solves one large problem at once, while the power allocation solves several smaller problems in succession.
The current study resides in the power allocation category. It examines charging control strategies under power limitations that arise from grid stability requirements. The problem of optimal charging power allocation has been studied using various approaches, including game theory and evolutionary optimization [20] , [29] , [30] . These studies have used e.g., the target SOC, the remaining expected parking time, and the electricity price as inputs to the allocation algorithm. The objective functions have ranged from maximizing the average (normalized) SOC to maximizing the utility, or the value an EV owner places on the electricity they have received. However, the total traffic electrification (here measured by the combined all-electric mileage) as the maximization objective has thus far been largely ignored. Furthermore, prediction errors should always be considered, as their magnitude is often linked to the effectiveness of sophisticated charging strategies. Thus, the current study investigates several allocation strategies that attempt to increase the all-electric mileage, employing both known and unknown (predicted) parameters as inputs. It also examines the effect of prediction errors, along with changes in battery capacity, and compares all these strategies against the simple equal allocation method.
A novel modeling approach, essentially an agent-based PHEV trip generation algorithm, is applied to provide the mobility necessary for studying the different strategies. The algorithm generates a detailed spatial and short time interval (5 min) description of the movement of a large EV fleet on a single-vehicle level within the road network, leading to a spatio-temporal distribution of EV power demand. Previous studies have employed aggregated or integrated methods of modeling EV mobility [20] , [31] , but there are also studies with remarkably detailed spatio-temporal modeling [32] , [33] . The model presented here can be considered to lie between these extremes in the complexity range.
Modeling of EVs in the energy system
There are two main approaches for modeling the interaction between EVs and the energy system. The first approach has its focus on the cause (EV traffic), while the other focuses on the effects (energytraffic).
Effect-based models consider EVs in an aggregated way without specifically modeling the spatial movement of the vehicles, e.g., by using empirical travel data or statistical models [23] , [31] , [34] . In an aggregated model, EV charging or discharging is basically an interaction of a dynamic electric storage with the grid [31] .
An alternative is to model the physical movement of the EVs. Such agent-based approaches may employ partial tracking of the EV location, e.g., by aggregating individual EVs into several EV fleets, or highly detailed spatio-temporal modeling of single vehicles [32] . Agent-based models yield information on vehicles' location and parking times, which is essential when trying to assess their energy system impacts accurately. On the other hand, these models tend to be much more complex and require more computation time than the aggregated methods.
In this study, we employ a simple agent-based model that is capable of describing the movement of single vehicles within a larger fleet. To avoid having to include social range anxiety effects in the model, only plug-in hybrid electric vehicles (PHEV) are considered. The main input data required fall within the following five categories and will be explained in greater detail later: 1) PHEV-specific parameters; 2) road and grid network topology; 3) travel patterns and distances; 4) Charging infrastructure, and 5)
PHEV control.
The main output from the model contains the spatial and temporal distributions of the movement and power impacts of PHEVs. The algorithm is explained in more detail below. Figure 1 illustrates the node network approach used in the study. The urban area is divided into several zones, each represented by a node. Each node can have one of four different types based on the "main activity" in the area. The labels of the different node types are: home (1), work (2), shop (3), and leisure (4). These nodes can be linked with the electric grid in an arbitrary way.
Node network
For the current analysis, a road network for Helsinki, Finland, was created. It is based on street/road infrastructure data from Google Maps [35] . In this network, the city is divided into 288 zones, or nodes, representing the main car parking locations. After this, one of the four types was assigned to the majority of the nodes on the basis of our understanding of the area. Finally, the Dijkstra algorithm was used to calculate the distances between all the node pairs [26] . The resulting node network is shown in Figure 2 .
Vehicle mobility
To model the PHEV movement in the network and the interaction of the vehicles with the energy system, the following elements need to be addressed: 1) the location of the vehicle in the grid (node number), revealing where the charging takes place; 2) the estimated remaining parking time of the vehicle at its present location, affecting how the vehicle should be charged, and 3) the estimated distance driven before the next grid connection, which also affects the charging process.
The cars travel within the city boundaries as determined by the node network. The number of PHEVs is 10,000, which corresponds to 3.6% of the cars in Helsinki [37] and enables the effects of the control strategies to be investigated without larger system constraints. The movement of each car is followed with 5-minute time steps. Selected key parameters are given in Table I . For the sake of simplicity, it is assumed that all the vehicles travel at a constant speed. It is also assumed that all the EVs in the system fully deplete their batteries before employing the internal combustion engine.
The movement of the vehicles in the node network is governed through two types of control functions, attraction and saturation functions. The task of the attraction function is to attract vehicles to certain nodes at certain times, whereas the saturation function determines when a vehicle is allowed to leave a specific node. Each vehicle is attracted only towards a predetermined single home node and work node and will see the rest of the home and work nodes as having zero attraction. Home and a work nodes are assigned to the vehicles semi-randomly; no correlation is assumed between the location of a single vehicle's home and work nodes, but the total number of vehicles assigned to each home and work node reflects the population statistics of Helsinki. The largest work node in the model can accommodate 1004 vehicles and the largest home node 162 vehicles.
The availability of a vehicle, i.e., the time a vehicle spends at a certain location, is described by a node type-specific monotonically growing saturation function ( ) ∈ when a vehicle reaches node , it is issued a random saturation factor value from a distribution (here:
normal distribution restricted to between 0 and 1) and a timer variable T, that monitors the parking time (equivalent to − A, ).
The saturation functions are based on expected behavior: here vehicles typically park for 0-2 hours at shopping and leisure nodes and 4-12 hours at home and work nodes. The maximum parking time is given by the time step that brings the saturation function to 1. This maximum can, however, be exceeded if there are no available destinations for the vehicle after saturation. As an illustrative example, using a smooth and a symmetrical normal-shaped distribution for the saturation factor, around percent of the vehicles at a certain node become "saturated" (i.e., ready to leave) between parking times [0, ],
Once the vehicle is saturated, the next destination is determined by the node-specific attraction functions ( , ) ≥ 0. These are designed to gravitate vehicles to places they are likely to be found at different times of day: e.g., around noon people are mostly at work, in the night they are at home, and in the late afternoon or early evening they are shopping.
To determine the next destination, we define a fitness value which is obtained by dividing the attraction function by the distance between the present node and other nodes :
where ( , ) is the value of the attraction function at node for vehicle at time step .
These fitness indices are calculated for all nodes with nonzero attraction values. The destination is then chosen using fitness proportionate selection (a.k.a. roulette wheel selection). The fitness system is used to introduce variability in the routes, while still favoring shorter routes.
It should be noted that the fitness index values are independent of the charging-related parameters.
Additionally, a separate random number stream is used for all vehicle movement-related randomness, such as assignment of the saturation factor. All the random number streams are reset between the simulation runs, making the movement of the vehicles identical in each run, and allowing a comparison of different cases with, e.g., different battery charging parameters.
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The exact forms and values of the saturation and attraction functions are influenced by many factors, such as urban typology, infrastructure, available transportation options, gasoline prices, etc. But there are generally known time patterns and empirical profiles that can be used as a basis, as explained earlier. The control functions used in our analysis are shown in Figure 3 .
Battery charging
It is assumed that all vehicles have identical batteries, so that only the current SOC may vary between different vehicles. The maximum battery charging rate is constant and determined by the capacity (see Table I ). Batteries support any charging power between zero and the maximum charging rate and the SOC is directly proportional to the energy absorbed. Finally, all the cars are fully charged at home when the day begins.
In reality, these values vary greatly. For example, a real PHEV battery exhibits highly non-linear dynamics and the maximum charging rate depends on additional variables such as battery type, age, temperature, and SOC [20] , [38] , [39] . However, accounting for these would greatly increase the complexity of the model without providing substantial benefits on the system scale where 10,000 PHEV agents are simulated. Therefore, in order to maintain simplicity, these assumptions are appropriate.
The charging of a vehicle at a node that provides a grid connection is controlled by a charging control function that allocates power between the cars plugged into the node. This function could, in principle, include all the intelligence required to steer the interaction between the vehicle and the grid, e.g., accounting for limiting factors, such as the SOC of the vehicles at the node, battery power limitations, and estimated parking times. The complexity of the resulting control algorithm may vary, but the essential output is a vehicle-specific weight factor , , where ∈ is a vehicle and is the group of vehicles connected to node .
The weight factors determine the power allocated to each vehicle, and thus have an important role in both maximizing the all-electric mileage and optimizing the electric mobility schemes within the local energy system. If the total available charging energy at the node is , or alternatively, the maximum available power is (= / ), then the electricity allocated to a vehicle is equal to , × , or , × × . Battery discharging into the grid could also be handled in a similar way, but this was not included in the study.
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Two cases deserve special treatment. First, if the electricity allocated to the vehicle cannot be fully absorbed, e.g. because of the battery being at full SOC, this "overflown" energy is reallocated between the remaining vehicles in the node. Second, if the number of charging sockets at a node is less than the number of vehicles, some kind of queuing process will be necessary. To avoid this, it is assumed that there are as many sockets as vehicles at every node that supports charging.
Finally, the battery of each vehicle at node will be charged during a time interval with
where socket stands for the socket limitation (here it is assumed 7.4 kW × 5/60 h ≈ 0.62 kWh, as a result of the use of 5-minute time steps), − SOC for battery capacity limitation, step for battery charging limitation during one time step (so as not to exceed the battery's maximum recharging power; see Table   I ) and is the charging efficiency, which is assumed to be 90% for all vehicles. The charging procedure is performed for all nodes at each time step, and is illustrated in Figure 4 . The node may be subject to additional, possibly time-varying, energy system constraints that can be intermediated through simple power limitations of the type ± max .
The simple, no-control approach would be to value each car equally, i.e., each car would obtain the same charging power regardless of its status. Smart charging is defined here as an allocation scheme that does not value each car equally. Instead, it issues vehicle-specific weights based on vehicle-specific parameters such as SOC. The SOC of vehicles when parked is used here as the primary control parameter. For example, it would be intuitive to give preference to vehicles with a low SOC, in which case = 1 − SOC � (superscript refers to the type of control strategy). However, when the intention is to have as many fully charged batteries as possible, then = SOC � would be the preferred choice.
While the total amount of allocated energy is node-specific, the weight factors of charging (at the node) are vehicle-specific and are obtained in the following way as normalized values of , the value of the charging function for vehicle (e.g.
As the weight factors in Equation 3 are normalized values, the charging control functions need not be 9 unitless.
Two more sophisticated charging functions were also developed to incorporate the parking time and next free trip distance (the distance that the vehicle travels between different grid connections) into the control. The first one of these attempts to reach the highest traffic electrification while taking the finite charging opportunity window into account:
where max is the largest battery capacity among the vehicles at the node, is the remaining parking time of the vehicle and � is the average remaining parking time for the current activity (e.g., working), The second control function seeks additionally to capture the effect of the distance to the next free charging point after leaving the present node. Note that the next free node is not necessarily the next node to which the car travels, as there may not be a charging opportunity, e.g., because of a lack of charging sockets. We combined three factors here: the SOC of the battery, the ability of the vehicle to manage the next trip with the current battery capacity, and finally a term that reflects on the remaining parking time:
where is the distance of the next free trip in kilometers, � is a power constant of 12 kW to match dimensions (it originates from the condition � × 300s = 1 kWh), is the unit electricity consumption of the vehicle in kilowatt-hours per kilometer, and the :s are the weighting factors for the three different components involved, given in inverse-kilowatt-hours. is thus in units of kilowatt-hours. The exponential form of is used here to avoid negative values. It should also be noted that the third term in Equation 5 is negative in order to prioritize those vehicles with the shortest parking time.
The above control functions contain the remaining parking time ( ) and next free distance ( ), both of 10 which need to be estimated. The remaining parking time is obtained by predicting the remaining amount of time that a vehicle will stay at its current location:
where 0,D is the exactly known departure time step obtained by running the simulation once and is the current time step. The term × represents the uncertainty in predicting the remaining parking time,
where is a normally distributed random number (mean value = 0, standard deviation = 1) and is an error parameter. A perfect prediction is obtained by setting = 0. The average remaining parking time � for vehicles at a workplace is calculated from:
where 0,D ����� is the mean of the exactly known departure time steps from work.
The prediction of the distance of the next trip that the vehicle will take before the next charging session is calculated as
where 0 is the exactly known next trip distance (in kilometers) obtained by running the simulation once and × is the uncertainty in the prediction. As above, a perfect prediction is obtained by setting = 0.
The metric used for measuring the effects from different charging strategies is the total distance driven in electric-only mode, or electric kilometers. A strategy is considered better than the alternative if it yields a higher total number of electric kilometers driven.
When there is ample power available for charging and the power distribution system is robust, the allocation method described above becomes irrelevant as it is easy to fully recharge each battery when needed. Figure 5 summaries the results of simulations based on the above approach to determine the conditions where smart charging could make a difference. Two parameters were used: battery capacity and unit power available at a node (referred to as the power coefficient, which is defined as the total power available at the node divided by the number of vehicles that are assigned to the node); other parameter values used in the simulations are given in [40] . Figure 5 implies that the power coefficient would need to be limited down to around 0.1 kW in order to obtain visible differences in all-electric mileage between competing charging strategies. This value was used in the simulations that follow.
Results
The model described above is generic and can be used for different sites and conditions. The control strategies described above were tested in an environment representing Helsinki metropolitan region (Finland). With the resulting travel distance distributions, 90% of the PHEV fleet could manage the journeys using electricity only if the battery capacity is larger than 7 kWh.
The aggregated charging power for this case is shown in Figure 6 for two different simulation runs with a morning peak when cars are parked at work (left) and with an early evening peak at home nodes (right).
The morning peak could easily be smoothed out (from 6 to 1 MW) through limiting charging power to 0.1 kW × (where is the number of cars assigned to the node) from the non-limited power value.
Though the peak power amounts to 11 MW, the total electricity needed to operate the 10,000-car fleet remains at only 30 MWh.
However, the aggregated load profile fails to illustrate the spatial differences between work and home charging peaks. To address this, Figure 7 shows the spatial charging power in the city during the peaks when no smart control is exercised. It can be seen that the work peak is caused by a few nodes charging at high power, while the home peak is caused by a large number of nodes charging at lower power: the highest peak among all the work nodes is 0.63 MW (the workplace of 1,000 cars) and among home nodes, the highest peak is 0.19 MW (the home of 131 cars).
Without any predictions about the future, a reasonably good charging strategy proved to be based on an exponential form of the SOC of the battery, or ln = SOC, where is a weighting coefficient. Figure   8 shows the increase in all-electric mileage with this strategy compared to the case where all cars are weighted equally (dumb charging), with different weights and different battery capacities. For very small battery capacities (less than 2 kWh), it is best to allocate more power to vehicles with a high SOC.
For higher capacities, favoring a low SOC yields a better result. For capacities higher than 8 kWh, this strategy has little effect compared to an equal distribution strategy. The reason for the inversion at 2 kWh is presumably that the charging function allocates too much power to low-priority vehicles that have just arrived at the node (because the battery is near-empty), ignoring the high-priority vehicles that have already spent some time at the node and are thus likely to depart sooner.
Adding more intelligence to the charging process requires further knowledge about the intended travel pattern in order to obtain full benefit from the more sophisticated allocation functions in Equation 4 and
. A comparison of the charging control against dumb charging is shown in Figure 9 . A linear SOC-based control ( ) yields an improvement of around 1% at most. With complete knowledge of the travel pattern, a more sophisticated control strategy ( ) would yield an improvement of up to 5.5%
(with a 2.5-kWh battery) in the all-electric mileage, but this is heavily dependent on the battery size, as shown in Figure 9 . Though these numbers may sound modest, it should be observed that the upper limit (not necessarily the lowest upper limit) of increased all-electric mileage is 11% when the node total power limitation is removed, meaning that, e.g., here the strategy represents here >50% of the "maximum" value. The "maximum" increase of 11% may not be attainable even with a perfect charging function.
When sophisticated control strategies are being implemented, the accuracy of the predicted travel schedule for the vehicles is an important question as this will affect the way they are charged. To study the influence of the prediction accuracy of parking time and distance driven before next grid connection, we simulate each day twice so that a perfect prediction could be produced for the second run from the first one. A Gaussian error is then added to this driving statistic. The error of the prediction is measured as multiples of one sigma (expressed in hours or kilometers): a 1-hour prediction error then means that around 68% of the EVs depart within ±1 hour from the predicted time value. Figure 10 demonstrates how the prediction inaccuracy in parking time will affect the benefits from intelligent charging strategies ( ) with two battery sizes (2 and 10 kWh). The prediction error is shown as a parameter ranging from 0 to ~ ∞ (in Figure 10 , set to equal 1000) hours. The horizontal axis describes the weight of the prediction: a value of 0 means that one and the same average departure time is used for all cars, and a value of 1 means that the parking time used in the weight calculations is the predicted parking time. We observe that with a perfect prediction (error = 0 hours) the extra electric kilometers gained over no control strategy increase monotonically when moving toward predicting each car's parking time individually instead of using the average value; a gain of around 3.5% was obtained.
However, the gain drops quickly with increasing prediction error, e.g., a 2-hour error halves the gain and it vanishes almost completely at 8 hours. At large error values (>4 hours) a combination of individual and average parking times seems to yield an optimum. With very high prediction errors, abandoning the predictive control yields the best outcome. Another observation is that, with a small or large battery capacity compared to the average travel distance per day, the positive effects of predicting decrease. For example, with a 10-kWh battery the travel requirements can almost always be fulfilled through electricity, regardless of any prediction inaccuracy which leads to insignificant gains from any control 13 strategy. In our case the highest impacts were obtained at a capacity of around 2 kWh.
Using the most sophisticated control strategy from Equation 5 instead of , used in Figure 10 , would yield a 5% improvement in all-electric mileage with a 2-kWh battery, assuming perfect predictions. In Figure 11 , we analyzed this case further in terms of varying the weight of the prediction of two parameters in , the parking time and the next free distance, assuming a perfect prediction. The weight of SOC ( 1 ) was set to 0 (with a weight of 0, a parameter is removed from ). It is observed that, if there is information available on the next driving distance only and no information about the parking time (weight of parking time prediction = 0), the smart control strategy would increase the electric kilometers by 1%. In the opposite case (weight of next free distance = 0), yields an increase of around 4.5%. If we weighted both parameters optimally in , this would yield a slightly better result or a 5%
improvement at the optimum shown in Figure 11 .
Negative weight values were also tested to verify that a sensible strategy will favor vehicles with longer rather than shorter free distances, and shorter rather than longer parking times.
Conclusions
The results show that smart control strategies with predictive elements could lead, in the case of Helsinki, to an increase of over 5% in the all-electric mileage compared to a no-control (equal power allocation) strategy. Achieving this requires an accurate prediction of the remaining parking time and the distance the vehicle will travel before the next grid connection. The results also indicate that, with a very high prediction error, with a very small or large battery, or with abundant charging power, smart charging control would not bring considerable benefits. Thus, the potential of smart charging to increase the all-electric mileage seems limited. As a matter of fact, a charging strategy based on, e.g., "dumb" equal power allocation may be adequate. Moreover, this could provide positive benefits for the power system, e.g., to increase the flexibility of smart grids, without jeopardizing the all-electric mileage of PHEVs.
It should be observed that simplifying assumptions have been used in the trip generation and charging models, which may affect the results. Therefore, the conclusions should be regarded as indicative only. Other charging limitations * Adequate sockets at home and work nodes. Charging not possible at other nodes. Total charging power at a node may be limited. 
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